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Operant Variability: Some Random Thoughts

M. Jackson Marr
Georgia Tech

Barba’s (2012) paper is a serious
and thoughtful analysis of a vexing
problem in behavior analysis: Just
what should count as an operant
class and how do we know? The
slippery issue of a ““generalized oper-
ant” or functional response class
(e.g., imitating, “‘relating” as in rela-
tional frame theory, attending, rule
following, grammatical frames, and
many other possibilities—one won-
ders when it will all end) illustrates
one aspect of this problem, and
“variation” or ‘“‘novelty’’ as an oper-
ant appears to fall into this category.
Given our traditional and fundamen-
tal operant approach to response
differentiation through shaping to
establish a specifiable functional re-
sponse class, how do we understand
“variability” as a response class? As
Barba’s review attests, this issue has
been discussed for more than two
decades without, I believe, significant
resolution. What we do know is that
degrees of variations in patterns of
responding can be brought about by
imposing special contingencies.

As with any generalized operant,
no particular response can be said to
belong to such a class. In the case
of “random” responding, only in
relation to perhaps many previous
responses as a sample drawn from a
probability  distribution  function
(typically a uniform distribution)
does a given response count as an
exemplar. Indeed, as with a series of
coin tosses, many trials must occur to
provide any suitable criterion for a
random sequence. It would make no
sense to say whether a given heads or
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tails outcome belonged to a random
distribution. As with this binomial
example, there are many tests for
determining the degree of ““behavior-
al disorder” in a long sequence of
putatively independent trials, of
which the U value is common, a
measure ranging from 0 (complete
order) to 1 (complete disorder). In
typical studies, reinforcers are pre-
sented for varying a set-length se-
quence of responses, say, on two
different keys such that a given
sequence (comprised of left vs. right
responses) differs from the n previous
sequences—the lag n procedure. For
example, if the trial sequence length,
s, 1s set at s = 4, then there are 16
possible (2°) different sequences of
left (L) and right (R) responses:
LRLR, LLLL, RLLR, and so on. If
reinforcement was delivered only for
an emitted sequence that differed
from the last 15, then all the possible
sequences must have been emitted in
the total of 16 trials (by chance an
extremely unlikely event), yielding a
U value of 1 for that series block. If
the same sequence was emitted (e.g.,
RLRL, also by chance an extremely
unlikely event) for 16 consecutive
trials, the U value would be 0 for
that series block. In essence, most of
these studies are variations of “don’t
do what you did recently.” In that
sense, variation may in no way be
synonymous with random.! Assum-
ing each sequence quartet is an

! Although variation, expressed as statistical
variance, has a precise definition, random does
not. As Havil (2002) notes, “ Randomness is a
very, very subtle concept with its properties
belonging to statisticians more than mathe-
maticians’ (p. 229). The National Institute of
Standards and Technology lists 16 current
tests for randomness, and there are at least a
dozen more; a given sequence may pass one
test and not another one.
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independent event, as each is emitted,
the probability of emitting a different
sequence from all previous ones can
rapidly get less and less. The proba-
bility model is the traditional num-
bered balls in an urn (e.g., Feller,
1968) where each four-response se-
quence is represented by a ball with a
different number, say, from 1 to 16.
The problem is to determine in a
series of n draws (n = 16) with
replacement, what is the likelihood
of drawing out a series of balls with
all different numbers. Alternatively,
what is the likelihood of drawing out
a series each containing only a single
number? In general, as n approaches
2°, the probability of either of these
two cases can become vanishingly
small. Think of tossing a die in many
blocks of six throws each and always
getting the same value, or that each
of the different values (1 to 6 in any
order) occurred in each block! Such
an outcome would be a strange sort
of ““disorder.” Of course, as the lag n
requirement is set progressively less
than 2°, the possibility of emitting a
set of unique sequences improves;
nevertheless, that contingencies can
control emitted variations in sequenc-
es is impressive, but they may be far
from random, and maybe that’s the
goal. From the point of view of
chance, through differential rein-
forcement, the behavior tends to go
from one set of unlikely events
(sequences tend to be repeated) to
another (sequences tend not to be
repeated).

Barba bases his approach to re-
sponse differentiation and the acqui-
sition of a functional response class
on the treatment of Catania (1973a).
But Catania (1973b) also discussed
this issue in detail in a chapter of the
classic The Study of Behavior, and
most recently in Learning (2007),
using essentially the same examples.
Catania (1973b) defined a functional
response class this way:

With respect to any response class, it is
necessary to ask a fundamental behavioral
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question: Can the likelihood of responses in
this class be modified by their consequences?
If so, the class is called an operant class; it is a
class of responses that is affected by the way in
which it operates on the environment. (p. 53)

Presumably, modification by conse-
quences is determined by a demon-
strable order in the pattern of chang-
es, for example, in the distribution of
responses (or some property of the
responses) related to reinforcement
delivery (e.g., Skinner, 1938). But
Catania’s later presentations differ
somewhat in detail from his Behav-
iorism paper. For example, in Catan-
ia (1973b) and (2007), there is no
reference to a distribution of stimuli,
that is, a distribution of conditional
probabilities of reinforcement, or
what Barba calls “S distribution.”
At least as described, I find this
description a bit troublesome. The
term distribution seems unclear, at
least as applied to the cases under
consideration. Is it, for example, a
density function of a random vari-
able? For example, if all lever presses
of force less than F are never
reinforced, while all lever presses
greater than F are, what makes that
a “distribution” except in a trivial
sense? Using this as an example, here
is a possible reformulation: We de-
termine an initial distribution of
response forces, R,;. That is, we
determine the relation between re-
sponse forces and their frequency per
unit time. This distribution may
simply be an “operant level” or may
have resulted from some earlier ex-
plicit contingency. We now apply a
new contingency to this initial distri-
bution that, typically, will ultimately
result in shift to a final distribution,
R, For simplification, let’s assume
these two distributions are continu-
ous; we could (and normally would)
divide the forces into classes, but this
doesn’t affect the analysis.

The applied contingency (criterion
for reinforcement) can be thought of
in engineering terms as a forcing
function (reinforcement has been
analogously described in this way
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before, e.g., Marr, 1992), or, as a
mathematician might describe, an
“operator” or ‘‘transform,” operat-
ing on R; to yield R How do we
assess the effects of this operation?
We want to somehow measure the
difference between R, and R; in
relation to the applied contingency.
Thus, simply taking the difference in
total areas under the two distribu-
tions is not sufficiently precise. As-
sume we set our minimal force
requirement to F.: All lever presses
with a force equal to or exceeding F,
will be reinforced. F. then is a point
along the x axis that represents
response forces ranging from 0 to
some maximal force Fn.x (Ry), the
highest value ever achieved in the R,
distribution. Initially, many response
forces will be less than F., but
occasionally, responses in the R;
distribution may exceed F. without
the applied contingency. That is, part
of the R; distribution may encompass
a range from F, to Fp.. (R), the
highest force achieved in the R;
distribution. The areas of interest
then are for R,: the range from F,
to Fyax (Ry, and for R;: the range
from F_ to F. (R;). The effect of the
contingency is measured by the dif-
ference between these two regions:

Fmax (Rf)

Fmax (Rf)
J Ridx

Rfdx—J

Fc Fe

As already mentioned, Barba’s S
distribution is very limited in scope
and typically is of the form (using

response force as an example and SR
representing a reinforcer delivery):

P(SR|F>F.)=1
and
P(SR|F<F.)=0.

But instead of this “jump discontinu-
ity”” distribution, one could arrange,
say, a “‘ramp’ where the probability
(or magnitude) of reinforcement in-
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creases linearly with force. This rep-
resents a contingency as a feedback
function (e.g., Baum, 1981; Marr,
2006) that can dynamically tie ongo-
ing behavior more closely to its
differential consequences. Many pos-
sibilities for exploring response dif-
ferentiation reside here, and I’ll return
to one shortly in the context of
training variation in responding.

Whether one adopts Catania’s
description, or the above, or some-
thing else, these approaches are
limited to very special cases (and I
think this applies to the typical
variability study) in which a shift in
distributions is along some common
continuous dimension like force, or
discrete as with a set of response
sequences. In far more interesting
cases of response differentiation, the
target response class and the initial
response class may be utterly differ-
ent, for example, successfully training
a bear to ride a motorcycle, as they
are said to do in Russian circuses.

The results of many such experi-
ments demonstrate that variability in
response sequences (as commonly
measured by whole-session U values)
can be engendered by such contin-
gencies; that is, behavior shifts in the
direction of greater variability in
conformity to the imposed require-
ments. But as Barba points out, this
raises the question of the functional
response class, that is, measured
variability in sequences of responses
might arise as indirect effects of
reinforcement selection of other fea-
tures of responding. Barba cites
Machado (1997), for example, whose
studies showed that variation in
response sequences can arise by
differential reinforcement of switch-
ing between keys. Thus, the nominal
criterion of lag n sequence differences
by itself does not provide sufficient
evidence of variability per se as a
functional response class, never mind
the putative role of an “endogenous
stochastic generator” (Neuringer,
2002, 2004). I'll say more about this
concept later.
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To address the question of func-
tional control of variation, Barba
proposes a contingency based on
cumulative U value as defining the
conditions of reinforcement. I admit
I’'m not entirely certain of just how
this would work in practice, but
assuming such a contingency could
be arranged so that when the cumu-
lative U value reached some minimal
value, reinforcement would be deliv-
ered, I have two reactions: First, we
would still be left with the question of
how such control is achieved; how
does the imposed contingency actu-
ally shape the final performance from
some starting distribution? There is
an implication here that achieving a
minimal cumulative U value is some-
how a more direct measure defining
the performance, but how would we
know that this outcome had not been
achieved indirectly?

A second issue involves the typical
contingency arrangements alluded to
earlier in discussing possibilities for
defining what Barba called ‘S distri-
butions™ to control response differ-
entiation. In lag n procedures, along
with others, including the proposed
minimal cumulative U-value contin-
gency, there is a threshold below
which reinforcement is not delivered
and above which it is, what I earlier
called a jump-discontinuity contin-
gency. As a possible alternative to
Barba’s cumulative U-value proce-
dure, a more nuanced feedback con-
tingency could be arranged wherein
the probability of reinforcement de-
pended on some monotonic function
of variation in emitted sequences. To
take a simple example, in a nominal
lag n procedure reinforcement de-
pends on emitting, say, a four-re-
sponse sequence different from the
last » — 1 sequences; otherwise no
reinforcement is delivered. But let us
set the probability of reinforcement
p = 1 for achieving this lag n
requirement and a progressively de-
creasing probability for N different
sequences < n — 1 (setting p = 0 for a
just repeated sequence); in other
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words, a decreasing reinforcement
probability as a function of the
likelihood by chance of having emit-
ted a sequence not previously emitted
in a block of n. Again, such a dynamic
contingency could tie behavior more
closely to its consequences and, if
properly studied, may offer some
possibilities of seeing how such a
performance is acquired.

The question of how operant vari-
ability is acquired has been the subject
of some considerable experimental and
theoretical efforts, as Barba has re-
viewed. The role of some kind of
memory process has also received
considerable attention, and the results
differ depending on the imposed
contingencies. The hallmark of ran-
dom events is independence of trials
as in a binomial process (whether
biased or not). Then, perhaps naively,
one can hypothesize that some effec-
tive variation-training contingencies
shape up a ‘“‘memory-less” system
(Neuringer, 1991, has explored this
possibility). For example, one might
come to emit a random series of digits
by “forgetting” the digit just emitted.?
We know that ““directed forgetting’ is
trainable (e.g., Zentall, Roper, Kaiser,
& Sherburne, 1997); maybe some-
thing like this emerges as a feature
of some of the random-response
training procedures. There are con-
ceptual problems with the no-memory
idea (see, e.g., Machado, 1992); but,
more important for present purposes,
this cannot apply to the typical lag n
procedures. The performances at-
tained under these contingencies
may be far from what chance would
predict; as already mentioned, varia-
tion and random are not synonymous.

Given that, Neuringer’s (2002,
2004) proposed ‘“‘endogenous sto-
chastic generator” may be a misno-
mer, but in my view that is the least

20Of course, this assumes all possible alter-
natives would be emitted with equal probabil-
ity, like tossing a fair coin which has no
“memory”’ of its previous outcome. Other-
wise, having no memory could mean simply
emitting the same response repeatedly.
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of its problems. This appears to be a
“mechanism’ as name, in the tradi-
tion of Chomsky’s “language acqui-
sition device,” an invention with just
the properties needed to explain the
findings, but with little, if any, predic-
tive power. At best, empirical findings
are said to be ‘“consistent’” with the
notion. What turns such a generator
on or off? How does the operation of
such a generator lead to behavior?
Where is it located? Is there an
“endogenous deterministic generator”
as well? Surely, much data would be
consistent with that device. Regarding
the lag n procedures, Machado (1992)
has suggested a different mechanism:
frequency-dependent selection based
on differential reinforcement of infre-
quent behavior patterns. It is not clear
to me that this concept does not share
the same conceptual problems of
Neuringer’s stochastic generator.

In puzzling over the many mysteries
occasioned by the methods and results
of research devoted to “‘variability as
a generalized operant class,” I've
come to see this area as representative
of how little we know or understand
about the complex dynamics of be-
havior. Perhaps the greatest challenge
in developing behavior analysis as a
natural science, and in vivid contrast
with other natural sciences, is the lack
of any clear notion about units of
analysis: What does it mean, if any-
thing, to talk about units of behavior?
If such an effort is meaningful, then
how do such units come about and,
most mysteriously, how do they
change to become new units? Such
questions appear to provide the large-
ly wasted heat driving the silly argu-
ments pitting ‘“molecular” against
“molar’” accounts of behavior, as if
we really understood what we were
talking about in either case. The
remarkably seductive and flexible
concept of the “generalized operant”
(a kind of “super-unit”) seems infi-
nitely extendable, making it difficult
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not to apply it, as needed, to account
for virtually any behavior we deem fit.
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